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Alzheimer’s disease is a neurodegenerative disease in which the degree of cortical atrophy in specific structures
of the brain serves as a useful imaging biomarker. Recent approaches using linear mixed effects (LME) models in
longitudinal neuroimaging have been powerful and flexible in investigating the temporal trajectories of cortical
thickness. However, massive-univariate analysis, a simplified approach that obtains a summary statistic (e.g., a
p-value) for every vertex along the cortex, is insufficient to model cortical atrophy because it does not account
for spatial similarities of the signals in neighboring locations. In this article, we develop a permutation-based
inference procedure to detect spatial clusters of vertices showing statistically significant differences in the rates of
cortical atrophy. The proposed method, called SpLoc, uses spatial information to combine the signals adaptively
across neighboring vertices, yielding high statistical power while controlling family-wise error rate (FWER) accu-
rately. When we reject the global null hypothesis, we use a cluster selection algorithm to detect the spatial clusters
of significant vertices. We validate our method using simulation studies and apply it to the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) data to show its superior performance over existing methods. An R package for

implementing SpLoc is publicly available.

1. Introduction

The spatial topography of the rate of cortical atrophy has been shown
to differ between normal aging individuals and those diagnosed to have
mild cognitive impairment (MCI) or Alzheimer’s disease (AD), giving
a quantitative characterization of regional changes in the cortex that
accompany normal aging (Chan et al., 2003; McDonald et al., 2009).
Structural magnetic resonance imaging (MRI) data collected longitudi-
nally can be used to characterize the temporal trajectories of cortical
thickness along the cortical surface defined on a manifold. This type of
data gives rise to spatial data with measurements on vertices on a cor-
tical mesh, as well as longitudinal trajectories of cortical thickness at
each vertex.

The primary goal of this article is to develop a novel inferential pro-
cedure to detect spatial clusters of vertices where rates of cortical atrophy
differ between those who are cognitively normal (CN) and subjects di-
agnosed with AD. While there have been a number of works in the neu-
roimaging literature that addressed similar research questions, in this
article we focus on the methods based on linear mixed effects (LME)
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modeling because LME is powerful in detecting group differences us-
ing longitudinal neuroimaging data. Also, LME modeling is a flexible
approach that can handle a non-uniform number of visits and missing
rates, and it is useful in modeling longitudinal trajectories of a group, or
group differences in trajectories, while accounting for the within-subject
variability via random effects. In the functional MRI (fMRI) literature,
Staffaroni et al. (2018) and Hart et al. (2018) used models based on
the LME model to analyze longitudinal trends in functional connectiv-
ity (FC) networks in resting state fMRI. In the MRI literature, Bernal-
Rusiel et al. (2013b) used an LME model to investigate the differences of
the longitudinal trajectories of cortical thickness between subjects with
AD and CNs. In imaging genetics, Xu et al. (2014) used an LME model for
a longitudinal genome-wide association study (GWAS) for neuroimag-
ing phenotypes. Fast and robust LME-based methods via the generalized
estimating equation (GEE) have been developed in the neuroimaging lit-
erature (Guillaume et al., 2014; Liang and Zeger, 1986).

The vertex-wise LME (V-LME, Bernal-Rusiel et al. (2013a)) and spa-
tiotemporal LME (ST-LME, Bernal-Rusiel et al. (2013b)) are two pop-
ular methods for analyzing longitudinal cortical thickness data and
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have been recognized in a number of applications (Gordon et al., 2018;
Landin-Romero et al., 2017). V-LME fits a univariate LME to each ver-
tex along the cortex. ST-LME is an extension of V-LME that fits a spa-
tiotemporal model to a predefined subset of vertices and then adds a
parametric spatial covariance structure to the model, which improves
statistical power (Bernal-Rusiel et al., 2013b). Both V-LME and ST-LME
conduct massive-univariate analyses to obtain vertex-wise p-values, and
both then adjust for multiple comparisons by controlling for the false
discovery rate (FDR) (Benjamini et al., 2006; Genovese et al., 2002).
Both V-LME and ST-LME are readily available in FreeSurfer (Fischl,
2012).

Massive univariate analyses do not take advantage of spatial depen-
dencies of the underlying signal, a term we use for the true value of
a parameter of interest; in our case, the signal we are interested in
is the difference in cortical atrophy between the CN and AD groups
along the cortical surface. Furthermore, the vertex-wise effect size is
low, justifying the need for smoothing the data during preprocessing
(e.g., full-width at half-maximum [FWHM] of at least 8mm) to reduce
the noise level (Coalson et al., 2018). However, excessive smoothing
blurs the data, which in turn blurs the spatial extent of the underly-
ing signal, resulting in a loss of spatial specificity. For example, a null
vertex before any smoothing may become a pseudo-signal vertex after
being smoothed when the null vertex is close to the signal vertex. Any
statistical method that uses extensively smoothed data and identifies the
pseudo-signal vertex as signal is prone to a loss of specificity. Thus, it
would be necessary to choose a level of smoothing to the cortical thick-
ness data that balances the decrease in the vertex-wise noise and spatial
specificity (Bernal-Rusiel et al., 2010).

As discussed above, one major challenge in modeling longitudinal
cortical thickness data is to improve power and sensitivity in detecting
non-null vertices while simultaneously maintaining a reasonable range
of smoothing that does not lead to a great loss in spatial specificity. On
one hand, it is important to fully incorporate the spatial dependencies
of the signals in the model as a form of cluster-wise inference in LME.
For example, if there is a vertex showing a statistically significant dif-
ference in atrophy rate between those with AD and those who are CN,
then it is also likely that neighboring vertices will also reveal statistical
significance, in which the magnitude and the signs of the effect size is
similar. On the other hand, it is beneficial to achieve high power by us-
ing rich spatial information and not depending on excessively smoothed
data. This motivates a need for a new statistical method for cluster-wise
inference without relying on Gaussian random field theory and its as-
sumptions to justify the need for spatial smoothing (Lerch and Evans,
2005).

The main contributions of this article are to address the afore-
mentioned challenges in modeling longitudinal neuroimaging data and
provide a new permutation-based inference procedure with improved
power and sensitivity relative to existing approaches. To this end, we ex-
pand on the burden test framework, which allows us to construct score
test statistics that leverages the information from neighboring vertices
to identify candidate spatial clusters in a data-adaptive way. Next, given
the multiple comparisons problem that arises from the number of spatial
clusters under consideration, we use a permutation procedure to control
for the family-wise error rate (FWER), and the statistically significant
clusters are picked using a cluster selection algorithm. The proposed
method is computationally feasible since it requires fitting vertex-wise
LMEs only and permutation does not require refitting LMEs. Also, the
proposed method does not rely on excessive spatial smoothing during
preprocessing, and we show this empirically by applying the proposed
method in the analysis of longitudinal cortical thickness data with a
minimal level of smoothing (FWHM= 2mm).

The rest of the article is organized as follows. In Section 2, we pro-
vide details to the proposed method. In Section 3, we evaluate the per-
formance through simulation studies and apply SpLoc to the longitudi-
nal cortical thickness data obtained from the Alzheimer’s Disease Neu-
roimaging Initiative (ADNI). We conclude with a discussion in Section 4.
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2. Methods
2.1. Notation and model setup

Leti =1,...,n be the index for subjects, j = 1, ..., m; be the index for
visits for subject i, and k = 1, ..., s be the index for vertices defined by the
triangulation of the cortical mesh. Also, let #;; be the time between the
baseline and the jth visit of the subject i. We let x; be the g-dimensional
covariate vector for subject i at the baseline and let z; = 1 if subject i is
in group 1 (CN) and —1 if subject i is in group 2 (AD).

We first present our model parametrization for each vertex based on
the linear mixed effects (LME) models:

— T (0) (1)
Vijk = Qo TX; €+ 2 op + 1P + (2 - 1)y + by +1b 0+ 6 (D

where y is cortical thickness and the elements of (b,(.g), bg,lc))T ~
MVN(0,®,) are a random intercept and a random slope for subject
i at vertex k. We let 6, ~ N'(0, r,f) be the noise component and assume
that the random effects and the noise are independent. The main pa-
rameter of interest in this paper is y,, a parameter for the interaction
between time and clinical status, that allows us to compare the corti-
cal decay rates between AD and CN. y, = 0 implies that two groups’
baseline cortical thickness may vary (when g, # 0) but decay rates are
the same. Therefore, setting H(k) : y, = 0 is a valid parametric null hy-
pothesis for a vertex-wise difference between two groups’ cortical decay
rates. Extending this to the global null hypothesis H; : y; = - =y, =0
enables brain-wise inference, with a two-sided alternative hypothesis
H, : atleast one y; # 0.

We now redefine the parameters in Eq. (1) for simplicity in nota-
tion. Let X; be the matrix that contains of covariate information of an
intercept, nuisance covariates (x[.T), and main effects of time and clinical
status (z; and 7; j) with the order of the visit j. Then, Eq. (1) is re-written
as a simpler marginal form tailored for the null hypothesis:

Yie =Xl + (2 t) - v + €, €5 ~ MVN(O,Z), (@)

wheret; = (t;, ..., t,-m/_)T. 1y in Eq. (2) is (g &1y Boxs Bry)” in Eq. (1) and

. T .
€y is (bs:) + t,-lb;l) + 6140 ,bgj) + tim, blf,l) + 8im,) - In both equations, z;
and y, remain unchanged.

2.2. Statistical inference

2.2.1. Test for detecting spatially localized signals (SpLoc)

SpLoc provides an explicit cluster-wise inference framework that
leverages spatial information to improve statistical power while control-
ling for FWER accurately and maintaining a reasonable computational
cost. To achieve this goal, SpLoc first considers multiple spatial clus-
ters (henceforth called candidate clusters) and computes a test statistic
for each candidate cluster. As we will later see, SpLoc leverages power
from multiple non-overlapping candidate clusters of signals where the
effect size within each candidate cluster are similar.

We use vertex-wise test statistic from Eq. (2) as a building block for
SpLoc. It is because Eq. (2) provides an explicit LME framework, where
finding the maximum likelihood (ML) or restricted maximum likelihood
(REML) is applicable to estimate parameters for every vertex k. In the
LME framework, the Wald test, the likelihood ratio test (LRT), and the
score test (also referred to as the Lagrange multipler test) are applica-
ble to test H,(k), and they are all equivalent when the sample size is
large (Buse, 1982; Cox and Hinkley, 1979). Among possible choices for
vertex-wise test statistics, SpLoc uses the score test as a default for two
major reasons. First, score-based testing in our setup is computationally
efficient when using permutation because each permutation does not
require refitting Eq. (2), improving computational efficiency. Please see
Section 2.2.2 for details. Second, there have been a number of develop-
ments in statistics and neuroimaging recently that used the score test
in adaptive association testing, which is useful in developing the SpLoc.
Kim et al. (2014) and Ganjgahi et al. (2015) are other examples of rel-
atively recent works that used the score test in neuroimaging studies.
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To construct the score test for H((k), consider parameter estimates
{#. 2.} from the model fitted under H,(k). The score test statistic for
H(k) from Eq. (2) is

c ~1
U, = Z(Z,- 't,-)TE;k ¥ik = Xk 3
i=1
which follows a normal distribution with mean 0 under H,(k). This score
test statistic quantifies the expected change in model fit (quantified us-
ing the log likelihood constructed from Eq. (1) or (2); see Equation (5) of
(Bernal-Rusiel et al., 2013b)) if y, were estimated using the data. Test-
ing H,, (i.e., no decay rate difference between AD and CN in any vertex)
in the score test framework is followed by constructing the score vec-
tor U= (Uy,...,U,)" and computing its covariance under H,, denoted
as V, where V may be obtained in a closed form (with correct model
specifications) or via permutation (see Section 2.2.2).

Various forms of test statistics using the score vector have been
proposed in the generalized linear model (GLM) framework. Popular
choices include the burden test (also referred to as the sum test), the
variance component test, or adaptive methods that take the advantage
of both the burden test and the variance component test (Kim et al.,
2014). Among these, we focus on extending the burden test because it
has attractive theoretical properties that motivate our primary purpose
of detecting spatial clusters. The brain-wise burden test statistic adds all
elements of the score vector and has the form of
arv’ (¥ U
VI~ %, Tey VI KT
where 1, is a vector of 1 with length s. When the sample size is large, the
dlStI‘lbuthl’l of the test statistic is ;( , when the global null hypothesis
is true. The burden test is motlvated to provide high statistical power
when all y, are the same across the cortex (Lee et al., 2014). This sit-
uation, however, is unlikely to happen in our motivating problem, and
in fact we expect that the regions of different cortical decay rates are
localized around specific brain regions.

Our proposed method extends the brain-wise burden test framework
to construct a data-adaptive test. We first note that its extended version
is well-motivated when signal locations are known a priori. Similar to
the brain-wise burden test, we may consider adding score statistics in
the signal locations only. Then, its power will be higher than (i) the
brain-wise burden test that adds score statistic from signal and non-
signal locations or (ii) the vertex-wise score test that does not consider
all signal locations. One major limitation of this approach, however,
is that the signal locations are unknown a priori and searching for the
locations needs to be included at the expense of the loss of statistical
power. To overcome the challenges, we construct an extended version
of the burden test for possible candidate clusters, where each candidate
cluster is defined by a vertex k and its neighboring vertices. Specifically,
our proposed test statistic has a form of

2
" (W;Cr)TU)
r
TSpLoc = max Tk = oTo k=1,-,s, reQyg, 4)
Wy Vwk

burden —

where w;:) is a binary vector (0/1) of length s and 1 is assigned only to

the vertices that are within the r nearest neighbors of the vertex k (in-
cluding the kth vertex itself). Therefore, T/E') is the burden test statistic
for a specific cluster constructed by vertex k and its r — 1 neighbors. Q
is the set of the sizes of neighbors that is specified by the user and pro-
vides a degree of flexibility. T, ,. takes the maximum of burden test
statistics of all candidate clusters with varying sizes determined by Q.
Note that, when the sample size is large, the distribution of T,i’) is ;{5 =
under the global null hypothesis, regardless of the choice of vertex k
and neighbor size r. In addition, it provides high power when the y,s
are the same within the candidate clusters. Specifically, our approach is
well-motivated when there are multiple non-overlapping spatial clusters
of signals where the effect sizes (y,) within each spatial cluster are the
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same. Since both the number of the clusters as well as the true locations
of the clusters are unknown, we consider various choices of neighbors
for every vertex to scan for signal clusters. Because we have approxi-
mately 10k vertices in each hemisphere using the fsaverage5 template,
we use Q={1,5,10,20,30...,100, 150,200,250, ...,500,600,...,1000},
though we point out that other choices for this set are possible. This
choice of Q incorporates a wide range of cluster sizes in the data analy-
sis. Furthermore, this Q has more candidates with small sizes to reflect
the possibility of the existence of small signal clusters and to balance be-
tween sensitivity and specificity in the selection step (see Section 2.2.3).
To illustrate the effects of different choices of Q, consider the case when
Q = {1}. In this setting, there is no neighboring vertex without each ver-
tex itself and T, reduces to the maximum of the vertex-wise score
test statistics (i.e., the min P approach). Similarly, the case when Q = {s}
yields the test statistic for the brain-wise burden test (T}, 4¢,)-

Our proposed method is data-adaptive because we combine test
statistics of various candidate clusters through the max T approach. Be-
cause the test statistic for every cluster has the same distribution under
the global null hypothesis, test statistics for larger clusters do not neces-
sarily contribute to the power of the SpLoc. Similar to other cluster-wise
inference methods in neuroimaging, our method is well-motivated to de-
tect large signal clusters with low effect size or small signal clusters with
high effect size.

2.2.2. Permutation

This section addresses how to compute the p-value of the SpLoc test
via permutation. Permutation is especially helpful in our setting in three
ways. First, while each burden test statistic follows ;(3 _,» the proposed
test statistic T,,. does not follow an explicit probability distribution
under H,,. This is a typical situation in an adaptive testing procedures,
and Monte Carlo and/or permutation is useful to control FWER in the
weak sense (Kim et al., 2014). We note that control of FWER in the
weak sense means that the global null hypothesis is assumed to be true,
whereas control of FWER in the strong sense means that we may truly
have any combination of nulls and non-nulls. Second, each element of
the score vector U is computed vertex-wise without an explicit spatial co-
variance model for the cortical thickness data. However, cortical thick-
ness data are spatially correlated and an estimate of V with the model
assumption in Eq. (1) will lead to overly conservative results. Permu-
tation provides a useful tool to compute V when the score vector is
computed from the vertex-wise model.

In this section, we provide a permutation-based approach to ob-
tain a better estimate of V and eventually to compute p-value. Note
that each H (k) tests on a specific parameter in linear model when
there are nuisance variables added to adjust for confounders. There are
a number of ways to conduct permutation testing, as summarized in
Winkler et al. (2014). Our approach is analogous to Draper and Stone-
man (1966), and, in terms of comparing group differences in LME,
Braun and Feng (2001) to compute p-value of the SpLoc test. Due to
how the score test statistic is constructed, the proposed method does
not require refitting the model for each permutation, reducing compu-
tational cost dramatically. Our permutation algorithm is as follows:

1. Permute group assignments (z;) and apply Eq. (3) to generate per-
muted score vector U?, b =1, ..., B, where B is the number of per-

mutations.
2. Compute V using the sample covariance of U?, b=1,..., B.
3. Apply Eq. (4) to compute Tg,;,. using V and U as well as T, ;?LOC

using V and U®,
4. The p-value of SpLoc is the proportion that the permuted test statistic
Ts(*[;;)Loc exceeds the original test statistic T, -

2.2.3. Cluster selection

Our proposed test statistic is designed to test the global null hypoth-
esis Hy, i.e., that none of the vertices of the brain shows statistically
significant differences in cortical decay rates between those with AD
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(i) True shape of the signal.

(ii) Selection with a large candidate.
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(iii) Selections with small candidates.

Fig. 1. (i): The true shape and size of a signal cluster. (ii): By using a neighbor set that is larger than the signal, the selected signal cluster will have high sensitivity
(blue square) but with low specificity (hatches). (iii): By including smaller choices to Q, the selected signal clusters (the collection of non-overlapping A, B, C circles)
will have lower sensitivity but higher specificity, provided that the test statistics for A, B, and C are above the threshold.

and those who are CN. Rejecting the global null hypothesis itself does
not provide any further information on the signal clusters, such as how
many, their locations, their sizes, and their shapes. Fortunately, the way
we constructed the test statistic is related to a selection algorithm for
detecting signal clusters. The selection algorithm is based on using the
extended burden test statistic to determine the spatial clusters (defined
by a vertex and its r — 1 nearest vertices). The set of signal vertices can
be identified following Jeng et al. (2010):

1. Set FWER (e.g., a = 0.05). Set a threshold ¢* to be the 100 x (1 — a)%
quantile of the null distribution {TE’JP)LDC b=1,..., B} that controls
FWER.

2. If Tspy . is less than or equal to the threshold r*, conclude that no
vertex is statistically significant. If not, consider candidate clusters
with test statistic greater than the threshold.

3. Choose the candidate cluster with the highest test statistic and iden-
tify all vertices within the cluster as signals. Remove other candidate
clusters that overlap with the identified signals.

4. Repeat step 3 iteratively until there is no other candidate to consider.

We provide an illustration of the selection algorithm in Appendix A.
The key idea is that each of the extended burden test statistic follows
;(3 = asymptotically under H,), and we use the ordering of the test statis-
tics to prune off clusters that consist mostly of noise vertices. As a special
case, all clusters constructed by Q = {1} only include every vertex only
and SpLoc with Q = {1} is equivalent to detecting vertices whose test
statistic exceeds the threshold that controls FWER. The first two parts of
the selection algorithm ensure that the signal clusters are chosen among
the set of the candidate clusters whose test statistics exceed the thresh-
old that controls FWER. The rest of the algorithm narrows down the
threshold-passing candidate clusters.

The proposed algorithm has theoretical guarantees of the detected
signal clusters under several assumptions, including that (i) the score
test statistics are independent and (ii) each true signal cluster is one of
the candidate clusters (Jeng et al., 2010). We point out that the first
assumption does not hold with cortical thickness data since the data ex-
hibit spatial correlations, but, as we will see later, we evaluate the pro-
posed algorithm’s performance on both simulated and empirical data.
Furthermore, even though threshold by Jeng et al. (2010) is determined
by random matrix theory under the independence assumption, we use
a permutation approach to control for false positives, which would be
valid in cortical thickness data with spatial correlations. Second, given
s vertices one would be able to create 2° — 1 possible clusters, and thus
using all possibilities as candidate clusters would be computationally
impossible. Furthermore, the neighbor specifications in practice only
provide an approximation to the true underlying signal. We show an
example in Fig. 1 on how the choice for Q can impact sensitivity and
specificity.

Table 1
Comparison of the proposed method (SpLoc) to other LME-based methods in
longitudinal neuroimaging data.

Methods  Spatial correlation Spatial dependencies ~ Multiple
of cortical thickness  of signals comparison
SpLoc X v FWER (in the weak
sense)
ST-LME 4/ X FDR
V-LME X X FDR

Finally, we emphasize that we do not obtain a p-value for each clus-
ter under consideration. Since we use the selection algorithm after re-
jecting the global null hypothesis, the results from the cluster selection
algorithm determines the spatial locations that drove the signal and led
to the rejection of the global null hypothesis.

2.3. Summary

The proposed method, SpLoc, can be considered as an extension of V-
LME in analyzing longitudinal MRI data. V-LME fits a LME (e.g., Eq. (2))
to all vertices and controls FDR after obtaining vertex-wise p-values. A
main advantage of V-LME is an explicit modeling of temporal covariance
structure by adding subject-specific random effects (Bernal-Rusiel et al.,
2013Db). SpLoc uses vertex-wise LME as a building block but in a different
way. Specifically, we use neighbor information (i.e., Q) in the hypoth-
esis testing framework to improve statistical power while controlling
FWER in a weak sense. Please see Groppe et al. (2011) that compared
different methods for controlling for false positives in massive univari-
ate analysis and cluster-wise inference. As a special case, when Q = {1},
SpLoc reduces to the vertex-wise inference and the conceptual differ-
ence between SpLoc with {1} and V-LME is the nature of adjusting for
mutlple comparisons (FWER for SpLoc and FDR for V-LME). Comparing
SpLoc to ST-LME, we note that both use spatial information for infer-
ences but their usages are different. ST-LME uses spatial covariance to
model the cortical thickness data, hence reducing the standard error of
the massive-univariate test statistic. On the other hand, SpLoc specifies
a nearest neighbor set for every vertex from the triangulated surface
and benefits from adding nearby score test statistics, where ‘nearby’ is
determined data-adaptively through the hypothesis testing framework.
The differences of the models considered in this article are summarized
in Table 1.

3. Data analysis
3.1. Simulation studies

We conducted simulation studies to evaluate the performance of
the proposed method. We used Eq. (1) to generate data. We used the
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fsaverage4 template to obtain vertices on a triangluated surface of the
brain, resulting in approximately 2.5k vertices in each hemisphere. We
then computed the pairwise geodesic distance between two vertices
and extracted the nearest neighbor information for fitting SpLoc. In
each simulation, we fixed the sample size n = 50 and let g = 3 with
X; = (X;1, X;25 X;1 - Xp)', and x;; and x,, were generated using N'(0, 1) and
Binomial(1, 0.5), respectively. A group indicator was randomly drawn for
each subject. The number of visits, m;, was generated using the discrete
uniform distribution between 3 and 4 to make sure m; > 1 and we set
t; =(0,0.5,1,...,0.5 - (m; — 1))T. The mean parameters (e, &> Bor> Pix)
were fixed as (1,1,—1,0.5,0.5, 1). We used two different setups based on
the specifications of the covariance structure, denoted Simulation 1 and
Simulation 2:

3 0.5
05 02
correlation. This is a setup where V-LME is statistically more efficient
than ST-LME.
¢ Simulation 2: In addition to r,% and ®, in Simulation 1, we consider
spatial correlation structure following Bernal-Rusiel et al. (2013b).
This is a setup where ST-LME is statistically more efficient than V-
LME. After obtaining the Euclidean distance matrix, we used the ex-
ponential spatial correlation structure with spatial correlation pa-
rameter 0.1 to generate data. This value was chosen so that each
vertex has approximately seven neighboring vertices with a spatial
correlation greater than 0.5 and 27 vertices with a spatial correlation
greater than 0.3.

¢ Simulation 1: rlf =05and @, = [ ] and there is no spatial

We compared SpLoc to V-LME in Simulation 1 and to ST-LME in
Simulation 2, based on the efficiency of the competing model due to
the simulation setup. For V-LME, we fitted a LME for each vertex and
used the Satterthwaite-based approximation to compute vertex-wise p-
values (Kenward and Roger, 1997). We then applied two-stage FDR
adjustments for multiple testing to obtain g-values (FDR-corrected p-
value) (Benjamini et al., 2006). Note that it is appropriate to use the
two-stage approach because we used independent (non-spatial) noise in
the simulation settings. We used R packages 1me4 (1lmer () function)
for fitting LME models, lmerTest (anova () function) for the Satter-
hwaite’s approximation, and mutoss (two.stage() function) for
adjusting FDR with the two-stage process (Bates et al., 2014; Benjamini
et al., 2006). For ST-LME, we used the MATLAB functions embedded in
Freesurfer. For SpLoc, because the number of vertices in fasverage4 is
approximately a quarter of the number of vertices in fsaverage5 used in
our data analysis, we kept the maximum cluster size to be 250 (a quarter
of 1000) so that Q = {1, 5,10, ...,250}.

We considered three designs for illustrations. In each design, all sig-
nal clusters are drawn from the candidate clusters specified by Q. The vi-
sualizations of the designs are provided in Fig. 2. Specifically, in Design
1, we chose a cluster with size 150 in each hemisphere. In Design 2, we
constructed three different clusters with size 50 in each hemisphere. In
Design 3, we constructed 5 different clusters with sizes 10,20,30,40,50
in each hemisphere. The total number of signal vertices in the brain is
the same across the designs (300). For each signal location, we consid-
ered different levels of the effect size y > 0.

3.2. Simulation results

For each simulation design and setup, we averaged the performance
across 1000 simulations. We used two criteria to evaluate performances:
power for H, and signal detection rate. Power is the number of the
simulated datasets we reject the global null hypothesis (i.e., T, 14 > 1*)
divided by the total number of simulations (1,000). Signal detection rate
for each simulated data is the number of true positives divided by the
number of signal locations (300 in each simulation design). We then
averaged detection rates across 1000 simulations. For V-LME/ST-LME,
we rejected the global null hypothesis when at least one g-value is less
than « and the identified vertices are the ones with g-values less than
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Fig. 2. Illustration of 3 simulation designs. We used fsaverage4 to generate
a triangulated surface of the brain. In each hemisphere, Design 1 has a large
cluster (150), Design 2 has three clusters of size 50, and Design 3 has 5 clusters
with varying sizes (10, 20, 30,40, 50). The total number of signal vertices is the
same across the designs.

a. We note that FDR is equivalent to FWER when the global null H is
true, in which comparing V-LME/ST-LME to SpLoc is fair (Benjamini and
Hochberg, 1995). We used a = 0.05 throughout the simulation studies.

The results for Simulation 1 are summarized in Fig. 3. SpLoc (with
different choices of Q) and V-LME all controlled family-wise error prop-
erly, with empirical FWER of 0.047 for SpLoc and 0.048 for V-LME.
From the perspective of statistical power, Sploc with Q = {1} nearly had
power similar to V-LME, which is not surprising because these methods
are using vertex-wise inference but with different methods for adjusting
for multiple comparisons. Also, these two are the methods that do not
use spatial information, so the power curves were similar in all simula-
tion designs where the equal number of signal vertices was used (300).
As the maximum size of the candidate cluster increases, the power of
SpLoc increased dramatically but it did not yield noticeable differences
in power when the maximum size of the candidate cluster is greater
than 50. From the perspective of the signal detection rate, we first see
that there are noticeable differences between SpLoc with Q = {1} and V-
LME, and V-LME outperformed SpLoc with Q = {1} when the effect size
gradually increased. This is explained by the difference between FDR
and FWER in vertex-wise inferences. However, SpLoc with different Qs
showed superior performance over V-LME. The superior performance is
partially due to the power because a candidate cluster, when it correctly
captured the true signal cluster, would lead to the increase in power and
it would be chosen at the cluster selection step. It is also noticeable from
the detection rates that the performance of SpLoc is also affected by the
sizes of the true clusters. Provided that we used sufficiently large can-
didate clusters in Q, SpLoc had the highest detection rates in Design 1
where all signal vertices formed a large cluster. The detection rates for
SpLoc, especially when y is small, were lowest in Design 3 when there
were a few signal clusters with relatively small sizes. Because SpLoc
uses the max 7' approach, the performance of SpLoc will be driven by
the largest signal cluster when all clusters are spatially distinct enough.
This implies that the smaller signal clusters in Design 3 are relatively
not important factors for the power of the SpLoc.

The results for Simulation 2 are summarized in Fig. 4. When spatial
correlation was present, SpLoc and ST-LME were conservative in con-



J.Y. Park and M. Fiecas

NeuroImage 239 (2021) 118312

Design 1 Design 2 Design 3
o o g o
© 0 ]
s 7 S S 7]
& 3 g 3 g 3
g g g
a I c I c I
~ o o
o o o
o | o | o
= T T T T T T e T T T T T T o T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.0 0.1 0.2 0.3 0.4 0.5 0.0 0.1 0.2 03 0.4 0.5
gamma gamma gamma
(i) Power
Design 1 Design 2 Design 3
o o o
2 3 e 3 e 3
© ] ]
X o X o X o
c o c o c o
2 < 2 < 2 <
8 ° 8 ° 8 °
[ Jo) [
o 3 o 3 o 3
o o =
o o o

gamma

(ii) Detection rate

Fig. 3. Summary of (i) power and (ii) detection rate for Simulation 1. The solid black and blue lines denote the results for SpLoc with Q and V-LME, respectively.
The dotted lines are the results of SpLoc using different choices of Q with respect to the maximum cluster size () = 1, ll = 10, o = 30, ¢ = 50). The purple dotted line

in the power curve is the FWER (0.05).

trolling false positives since they had an empirical FWER of 0.035 and
0.01, respectively. When the null hypothesis was not true, there was no
noticeable difference in statistical power between SpLoc and ST-LME.
However, we observed that the detection rate of SpLoc is higher than
ST-LME. This result suggests that SpLoc performs well even when a mod-
erate degree of spatial correlation is present.

To quantify the error rate under the partial null hypothesis, we aver-
aged the number of false positive vertices divided by the total number
of truly null vertices (the total number of vertices minus the number of
signal vertices) across 1000 simulated data, for each setup, design and
y > 0. These error rates were all below a nominal rate 0.05, ranged be-
tween 0.033 and 0.038 in Simulation 1 and between 0.001 and 0.026
in Simulation 2. For illustration, we set y = 0.5 from Simulation 1 and,
for each vertex, we averaged the proportion that that vertex was se-
lected. As shown in Fig. 5, most of the false positives, whenever they
exist, are located near the signal vertices. This differs from the result of
V-LME/ST-LME based on FDR control, in which false positives varied
across vertices on the cortical surface that are truly null.

3.3. ADNI Data analysis

Data description

Data used in the preparation of this article were obtained from
the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database
(adni.loni.usc.edu). The ADNI was launched in 2003 as a public-private
partnership, led by Principal Investigator Michael W. Weiner, MD. The
primary goal of ADNI has been to test whether serial magnetic resonance
imaging (MRI), positron emission tomography (PET), other biological
markers, and clinical and neuropsychological assessment can be com-
bined to measure the progression of mild cognitive impairment (MCI)
and early Alzheimer’s disease (AD).

We used structural T1-weighted MRI scans obtained from the ADNI-
1. We obtained MRI data of 317 subjects by including 127 CN and
190 subjects diagnosed with AD with at least two MRI scans, where
the median and maximum number of scans was 4 and 6 respectively.
The cortical thickness data were preprocessed using FreeSurfer, a stan-
dard tool for MRI processing and extracting cortical thickness. In our
work, we employed a minimal spatial smoothing (FWHM = 2mm) so
that we do not excessively contaminate the spatial structure in the data
with the spatial smoothing due to preprocessing. We did not consider
unsmoothed data in our analysis because current practices use smooth-
ing to reduce inter-subject anatomical variations, and a previous work
showed that analysis using unsmoothed data has low statistical power
(Kang et al., 2015). All MR images were registered to the fsaverage5
template, a downsampled version of the fsaverage template, resulting
in 10,242 vertices in each hemisphere. Among those, vertices in the
corpus callosum, defined by the Desikan-Killiany Atlas (Desikan et al.,
2006), are discarded as it is non-cortical. We then used the geodesic dis-
tance to compute pairwise distance between two vertices and obtain set
of nearest neighbors (Kirsanov, 2008).

The baseline covariate information we used in our analysis was ob-
tained from the R package ADNIMERGE. We considered baseline age,
gender, and number of years of education, time (from the baseline),
APOE genotype status (one if e4 carrier and 0 else), and the total brain
volume as covariates. SpLoc as well as V-LME and ST-LME are based on
the LME framework, and we used random intercept and random slope
of time as random effects. Both V-LME and ST-LME are available in
FreeSurfer, and we used the recommended options to implement both
models. Specifically, we used an exponential correlation structure with
Euclidean distance to define the pairwise spatial correlation between
two vertices and used k = 2 (defined by Bernal-Rusiel et al. (2013b)) to
define region parcellations for ST-LME.
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Fig. 4. Summary of (i) power and (ii) detection rate for Simulation 2. The solid black and blue lines denote the results for SpLoc with Q and ST-LME, respectively.

The dotted lines are the results of SpLoc using different choices of Q with respect to the maximum cluster size () = 1, ll =

in the power curve is the FWER (0.05).
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(vi) Design 3, V-LME

Fig. 5. Visualizations of the Simulation 1 when y = 0.5. For each vertex, we computed the proportion selected by each method across 1000 simulated data.

Results

Fig. 6 illustrates the vertices detected by SpLoc (with 10,000 per-
mutations), vertex-wise inference controlling FWER (achieved by using
SpLoc with Q = {1}), ST-LME and V-LME. SpLoc identified 20 and 25
localized clusters in the left and right hemispheres, with the maximum
cluster size of 500 (left) and 800 (right) and the minimum cluster size of
5 (left) and 1 (right). Overall, SpLoc declared statistical significance in

27.2% and 32.4% of the total vertices in the left and right hemispheres,
respectively, in the fsaverage5 template. The areas of significance de-
tected by SpLoc are in general agreement with exising work in neu-
roimaging literature, especially along the inferior and middle temporal
regions and the temporal pole in both hemispheres (Bernal-Rusiel et al.,
2013b; Dickerson et al., 2009; Eskildsen et al., 2013). Using the Desikan-
Killiany Atlas (Desikan et al., 2006), the areas detected by SpLoc cov-
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(iii) ST-LME

(iv) V-LME

Fig. 6. Illustration of selected vertices for each model using a low level of
smoothing (FWHM= 2mm). Each column denotes lateral view (left), medial
view (left), lateral view (right), and medial view (right), respectively.

ered more than 80% of the areas of the entorhinal, frontal pole, parahip-
pocampal and temporal pole cortices. In addition, the left hemisphere
covered the inferior temporal, isthmus cingulate, and posterior cingu-
late cortices and the right hemisphere covered the caudal and rostral
anterior cingulate, insula, and medial orbitofrontal cortices.

Comparing the methods, SpLoc overcame the conservative nature
of vertex-wise inference with FWER control. It is also noticeable that
ST-LME and V-LME do not have meaningful differences in identified
vertices. This is not surprising because the median number of vertices
in each partition was 2, which is insufficient to benefit from adding
a spatial covariance. Both ST-LME and V-LME identified parts of the
brain with significant cortical thinning rate differences, but the areas of
significance were substantially smaller than the areas detected by SpLoc.

We conducted sensitivity analysis to see if the areas of significance
detected by SpLoc vary by changing the numbers of maximum clus-
ter size. We first increased the maximum cluster size from 1000 to
1100, 1200, ...,2000 and the vertices detected by the regions remained
the same. Similar to the simulation results, the number of detected ver-
tices gradually increased when we gradually increased the maximum
cluster size from 1, and the number is maximized when the maximum
cluster sizes were 500, 600, and 700. However, there was no difference
in the left hemisphere and minor differences in the right hemisphere and
96.3% of the vertices detected by the original analysis were replicated.
This result suggests that the result of SpLoc is not significantly affected
by the choice of maximum cluster size, provided that it is big enough to
capture large signal clusters of the brain.

We also applied SpLoc and competing methods to the same dataset
but with a different smoothing level (FWHM = 10mm) during prepro-
cessing to evaluate the impact of spatial correlation on inference. The
results using the same methods are shown in Fig. 7. Putting aside the
issue of spatial specificity caused by a wide-range of smoothing, ST-LME
and V-LME detected more vertices than SpLoc, and vertex-wise inference
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(iv) V-LME

Fig. 7. Illustration of selected vertices for each model using a wide range of
smoothing (FWHM= 10mm). Each column denotes lateral view (left), medial
view (left), lateral view (right), and medial view (right), respectively.

controlling FWER still suffered from detecting signal regions identified
in previous neuroimaging literature. The proportion of vertices detected
by SpLoc increased to 42.2% (left) and 46.6% (right). SpLoc detected
188 (left) and 215 (right) clusters but 161 and 188 of them consisted of
a single vertex only. The result suggests that ST-LME and V-LME with
FDR adjustments can be more useful when spatial correlation is present.
This result is not surprising, because SpLoc uses vertex-wise models for
conducting spatial-extent inferences, which might lose statistical effi-
ciency.

Altogether, from the data analysis we saw that SpLoc is a useful al-
ternative to the massive univariate analysis when the signal clusters are
expected to be big and spatial correlation is relatively low. SpLoc is par-
ticularly useful in cortical thickness data where a wide range of smooth-
ing is needed to decrease noise level of each vertex at the expense of the
loss of spatial specificity. Finally, SpLoc successfully recovered most of
the regions previously identified in the neuroimaging literature, even
though the smoothing level during preprocessing is minimal.

4. Discussion

We proposed a novel inference procedure for analyzing longitudinal
neuroimaging data, called SpLoc, that detects spatial clusters of vertices
where the rate of cortical atrophy differs between two cohorts. Our work
is summarized in three steps: (i) fitting univariate (vertex-wise) LME and
data-adaptively combining combining test statistics across neighboring
vertices, (ii) proposing a computationally efficient permutation-based
inference to control FWER and estimate the covariance of the univariate
test statistics, and (iii) selecting multiple spatial clusters by pruning off
multiple candidate clusters based on the ordering of the cluster-wise test
statistics. The proposed method is based on the LME framework that is
widely used for analyzing longitudinal neuroimaging data, and it is a
simple yet powerful approach that uses the vertex-wise LME results for
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detecting spatial clusters. We show using both simulation studies and
an analysis of the ADNI data that the proposed method outperforms
existing methods.

Existing works for analyzing cortical data generally smoothed the
cortical thickness data using a Gaussian kernel with FWHM at least
8mm, which improved their statistical power at the expense of spatial
specificity. In our data analysis, we used a minimal level of smoothing
(FWHM= 2mm) during preprocessing so that our inference was driven
more by the spatial extent of the signal in the data and not by the
smoothing due to preprocessing. Our data analysis showed that SpLoc is
a powerful approach that maintains FWER control for multiple compar-
isons, and this is accomplished by adaptively combining neighbor infor-
mation without relying on strict distributional assumptions. We believe,
however, that an optimal level of smoothing during preprocessing needs
to be determined since this can result in a tradeoff between sensitivity
and specificity. Alternatively, one could proceed with analyzing the data
using data smoothed at different levels, as we had done in this work.

We describe some limitations of SpLoc. As shown in Fig. 1 and in
our simulation study, the choice of the neighbor set can affect the sen-
sitivity and specificity. While we showed in our simulations that SpLoc
maintained favorable power and FWER control in the weak sense rela-
tive to V-LME, Q needs to be picked carefully. Because the family-wise
error is controlled in the weak sense in cluster-wise inference, statis-
tically significant regions detected by SpLoc may suffer from the loss
of specificity. A follow-up study on specificity that compares SpLoc to
other cluster-wise inference methods would be helpful.

Our proposed method has room for improvement in several
ways. First, similar to how ST-LME outperforms V-LME, adopting the
region/brain-wise parametric spatial covariance matrix in to the frame-
work may improve statistical power (Bernal-Rusiel et al., 2013b; Bow-
man, 2007; Kang et al., 2012). Also, accounting for subject-level hetero-
geneity of spatial covariance structures in robust estimation would be
worth considering in MRI literature (Vandekar et al., 2019). However,
spatial modeling in a generalized linear model (GLM) framework can
be computationally intensive especially when the number of vertices is
large. A form of dimension reduction or approximation methods would
be necessary to maintain reasonable computational cost in adding a spa-
tial structure to the model. Second, the construction of nearest neighbors
in this article is based on geodesic distance only, and it is limited in ap-
proximating the shape of true signal clusters. Third, even though it is
not expected to change the overall message of this article, it is worth
considering other factors that would yield more accurate results in ana-
lyzing longitudinal cortical thickness data. As an example, the ADNI data
used in our analysis was collected from different scanners and sites, and
we believe the harmonization of cortical thickness across scanners and
sites would remove unwanted sources of variation in the LME frame-
work (Beer et al., 2020; Fortin et al., 2018). Also, there is evidence of
cortical thinning of select regions of the brain to accelerate over time,
and including a nonlinear time effect to capture this phenomenon may
improve model fit to the data (Bilgel et al., 2016; Fjell et al., 2014; Mc-
Donald et al., 2009).

A key advantage of SpLoc is that it is not limited to the specific LME
model specified in this article. Even though we were primarily interested
in finding regions with different cortical decay rates in longitudinal MRI,
it is possible to use SpLoc to test for main effects for clinical status by
setting the null hypothesis for the appropriate parameters in the linear
model and then using an appropriate permutation strategy. Also, it can
be extended to test hypothesis in different linear model frameworks.
An interesting future work is to extend SpLoc to other neuroimaging
data types. We are currently working on applying SpLoc to group-level
activation in task-based fMRI where a number of cluster-wise inference
methods have been proposed.

R code for implementing SpLoc, as well as documented examples
used in simulation studies, is publicly available as a form of R package
at https://github.com/junjypark/SpLoc.
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Appendix A. Ilustration of the cluster selection algorithm

Consider a 4 x 4 grid of spatial locations, and suppose that the true,
unknown signal clusters are located as shown in Fig. 8. Our cluster se-
lection algorithm proceeds as follows:

Step 1. Compute the test statistic for candidate cluster (i.e., 7, ,E’) ) we de-
fined, using the fitted model under the null hypothesis H,. In
our example, we defined candidate clusters as square blocks of
different sizes as shown in Fig. 9.

Fig. 8. True signal locations.
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Fig. 9. 30 candidate clusters defined by square blocks of different sizes.
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Fig. 11. Histogram of test statistics for every candidate cluster, with a threshold
that controls FWER.
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Fig. 12. Five candidate clusters whose test statistics are greater than a threshold
that controls FWER.

The histogram of the test statistics can be obtained as shown in
Fig. 10.

Using permutation, compute the threshold ¢* that controls FWER
at the rate of « (e.g., 0.05). The threshold in this example is
shown in the red line in Fig. 11.

If T, is less than 1%, conclude that there is no signal location.
Otherwise (as shown above), ignore all candidates whose test
statistics T,:’) are less than r* and collect the candidates, as shown
in Fig. 12 (ordered by test statistic, from the largest).

Identify the candidate with the largest value as a signal location.
Then erase all the other candidates that overlap with the clus-
ter. This step will erase the second (3 x 3) and the fourth (2 x 2)
candidates.

Identify the candidate with the largest value as a signal location,
after excluding the pre-defined signal locations and the erased
candidates. This step will identify the third (1 x 1) candidate as
a signal.

Step 2.

Step 3.

Step 4.

Step 5.

10

Fig. 13. Identified Signal locations.

Step 6. Repeat Step 5 until there is nothing left. This step will addition-
ally erase the last (2 x 2) candidate and there’s no other candi-
date left.

Combine all identified signal clusters. The identified signal clus-

ters are shown in Fig. 13.

Step 7.

References

Bates, D., Méchler, M., Bolker, B., Walker, S., 2014. Fitting linear mixed-effects models
using Ime4. arXiv:1406.5823.

Beer, J.C., Tustison, N.J., Cook, P.A., Davatzikos, C., Sheline, Y.I., Shinohara, R.T.,
Linn, K.A., Initiative, A.D.N., et al., 2020. Longitudinal ComBat: a method for har-
monizing longitudinal multi-scanner imaging data. Neuroimage 220, 117129.

Benjamini, Y., Hochberg, Y., 1995. Controlling the false discovery rate: a practical and
powerful approach to multiple testing. J. R. Stat. Soc. 57 (1), 289-300.

Benjamini, Y., Krieger, A.M., Yekutieli, D., 2006. Adaptive linear step-up procedures that
control the false discovery rate. Biometrika 93 (3), 491-507.

Bernal-Rusiel, J.L., Atienza, M., Cantero, J.L., 2010. Determining the optimal level of
smoothing in cortical thickness analysis: a hierarchical approach based on sequen-
tial statistical thresholding. Neuroimage 52 (1), 158-171.

Bernal-Rusiel, J.L., Greve, D.N., Reuter, M., Fischl, B., Sabuncu, M.R., Initiative, A.D.N.,
et al., 2013. Statistical analysis of longitudinal neuroimage data with linear mixed
effects models. Neuroimage 66, 249-260.

Bernal-Rusiel, J.L., Reuter, M., Greve, D.N., Fischl, B., Sabuncu, M.R., Initiative, A.D.N.,
et al., 2013. Spatiotemporal linear mixed effects modeling for the mass-univariate
analysis of longitudinal neuroimage data. Neuroimage 81, 358-370.

Bilgel, M., Prince, J.L., Wong, D.F., Resnick, S.M., Jedynak, B.M., 2016. A multivariate
nonlinear mixed effects model for longitudinal image analysis: application to amyloid
imaging. Neuroimage 134, 658-670.

Bowman, F.D., 2007. Spatiotemporal models for region of interest analyses of functional
neuroimaging data. J. Am. Stat. Assoc. 102 (478), 442-453.

Braun, T.M., Feng, Z., 2001. Optimal permutation tests for the analysis of group random-
ized trials. J. Am. Stat. Assoc. 96 (456), 1424-1432.

Buse, A., 1982. The likelihood ratio, Wald, and Lagrange multiplier tests: an expository
note. Am. Stat. 36 (3a), 153-157.

Chan, D., Janssen, J.C., Whitwell, J.L., Watt, H.C., Jenkins, R., Frost, C., Rossor, M.N.,
Fox, N.C., 2003. Change in rates of cerebral atrophy over time in early-onset
Alzheimer’s disease: longitudinal MRI study. Lancet 362 (9390), 1121-1122.

Coalson, T.S., Van Essen, D.C., Glasser, M.F., 2018. The impact of traditional neuroimaging
methods on the spatial localization of cortical areas. Proc. Natl. Acad. Sci. 115 (27),
E6356-E6365.

Cox, D.R., Hinkley, D.V., 1979. Theoretical Statistics. CRC Press.

Desikan, R.S., Ségonne, F., Fischl, B., Quinn, B.T., Dickerson, B.C., Blacker, D., Buck-
ner, R.L., Dale, A.M., Maguire, R.P., Hyman, B.T., et al., 2006. An automated labeling
system for subdividing the human cerebral cortex on MRI scans into gyral based re-
gions of interest. Neuroimage 31 (3), 968-980.

Dickerson, B.C., Bakkour, A., Salat, D.H., Feczko, E., Pacheco, J., Greve, D.N., Grod-
stein, F., Wright, C.I,, Blacker, D., Rosas, H.D., et al., 2009. The cortical signature of
Alzheimer’s disease: regionally specific cortical thinning relates to symptom severity
in very mild to mild AD dementia and is detectable in asymptomatic amyloid-positive
individuals. Cereb. Cortex 19 (3), 497-510.

Draper, N.R., Stoneman, D.M., 1966. Testing for the inclusion of variables in linear re-
gression by a randomisation technique. Technometrics 8 (4), 695-699.


http://arxiv.org/abs/1406.5823
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0014
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0014
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0014
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0017
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0017
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0017

J.Y. Park and M. Fiecas

Eskildsen, S.F., Coupé, P., Garcia-Lorenzo, D., Fonov, V., Pruessner, J.C., Collins, D.L., Ini-
tiative, A.D.N., et al., 2013. Prediction of Alzheimer’s disease in subjects with mild
cognitive impairment from the ADNI cohort using patterns of cortical thinning. Neu-
roimage 65, 511-521.

Fischl, B., 2012. Freesurfer. Neuroimage 62 (2), 774-781.

Fjell, A.M., Westlye, L.T., Grydeland, H., Amlien, 1., Espeseth, T., Reinvang, I., Raz, N.,
Dale, A.M., Walhovd, K.B., Initiative, A.D.N., 2014. Accelerating cortical thinning:
unique to dementia or universal in aging? Cereb. Cortex 24 (4), 919-934.

Fortin, J.-P., Cullen, N., Sheline, Y.I., Taylor, W.D., Aselcioglu, I., Cook, P.A., Adams, P.,
Cooper, C., Fava, M., McGrath, P.J., et al., 2018. Harmonization of cortical thickness
measurements across scanners and sites. Neuroimage 167, 104-120.

Ganjgahi, H., Winkler, A.M., Glahn, D.C., Blangero, J., Kochunov, P., Nichols, T.E., 2015.
Fast and powerful heritability inference for family-based neuroimaging studies. Neu-
roimage 115, 256-268.

Genovese, C.R., Lazar, N.A., Nichols, T., 2002. Thresholding of statistical maps in func-
tional neuroimaging using the false discovery rate. Neuroimage 15 (4), 870-878.
Gordon, B.A,, Blazey, T.M., Su, Y., Hari-Raj, A., Dincer, A., Flores, S., Christensen, J., Mc-
Dade, E., Wang, G., Xiong, C., et al., 2018. Spatial patterns of neuroimaging biomarker
change in individuals from families with autosomal dominant Alzheimer’s disease: a

longitudinal study. Lancet Neurol. 17 (3), 241-250.

Groppe, D.M., Urbach, T.P., Kutas, M., 2011. Mass univariate analysis of event-re-
lated brain potentials/fields I: a critical tutorial review. Psychophysiology 48 (12),
1711-1725.

Guillaume, B., Hua, X., Thompson, P.M., Waldorp, L., Nichols, T.E., Initiative, A.D.N.,
et al., 2014. Fast and accurate modelling of longitudinal and repeated measures neu-
roimaging data. Neuroimage 94, 287-302.

Hart, B., Cribben, I., Fiecas, M., Initiative, A.D.N., et al., 2018. A longitudinal model for
functional connectivity networks using resting-state fMRI. Neuroimage 178, 687-701.

Jeng, X.J., Cai, T.T., Li, H., 2010. Optimal sparse segment identification with application
in copy number variation analysis. J. Am. Stat. Assoc. 105 (491), 1156-1166.

Kang, H., Blume, J., Ombao, H., Badre, D., 2015. Simultaneous control of error rates in
fmri data analysis. Neuroimage 123, 102-113.

Kang, H., Ombao, H., Linkletter, C., Long, N., Badre, D., 2012. Spatio-spectral mixed-ef-
fects model for functional magnetic resonance imaging data. J. Am. Stat. Assoc. 107
(498), 568-577.

11

NeuroImage 239 (2021) 118312

Kenward, M.G., Roger, J.H., 1997. Small sample inference for fixed effects from restricted
maximum likelihood. Biometrics 983-997.

Kim, J., Wozniak, J.R., Mueller, B.A., Shen, X., Pan, W., 2014. Comparison of statistical
tests for group differences in brain functional networks. Neuroimage 101, 681-694.

Kirsanov, D., 2008. geodesic: Multiple source/target exact geodesic (shortest path) algo-
rithm for triangular mesh (triangulated 2D surface in 3D).

Landin-Romero, R., Kumfor, F., Leyton, C.E., Irish, M., Hodges, J.R., Piguet, O., 2017. Dis-
ease-specific patterns of cortical and subcortical degeneration in a longitudinal study
of Alzheimer’s disease and behavioural-variant frontotemporal dementia. Neuroimage
151, 72-80.

Lee, S., Abecasis, G.R., Boehnke, M., Lin, X., 2014. Rare-variant association analysis: study
designs and statistical tests. Am. J. Hum. Genet. 95 (1), 5-23.

Lerch, J.P., Evans, A.C., 2005. Cortical thickness analysis examined through power anal-
ysis and a population simulation. Neuroimage 24 (1), 163-173.

Liang, K.-Y., Zeger, S.L., 1986. Longitudinal data analysis using generalized linear models.
Biometrika 73 (1), 13-22.

McDonald, C., McEvoy, L., Gharapetian, L., Fennema-Notestine, C., Hagler, D., Hol-
land, D., Koyama, A., Brewer, J., Dale, A., et al., 2009. Regional rates of neocortical
atrophy from normal aging to early Alzheimer disease. Neurology 73 (6), 457-465.

Staffaroni, A.M., Brown, J.A., Casaletto, K.B., Elahi, F.M., Deng, J., Neuhaus, J., Cobigo, Y.,
Mumford, P.S., Walters, S., Saloner, R., et al., 2018. The longitudinal trajectory of
default mode network connectivity in healthy older adults varies as a function of age
and is associated with changes in episodic memory and processing speed. J. Neurosci.
38 (11), 2809-2817.

Vandekar, S.N., Satterthwaite, T.D., Xia, C.H., Adebimpe, A., Ruparel, K., Gur, R.C.,
Gur, R.E., Shinohara, R.T., 2019. Robust spatial extent inference with a semipara-
metric bootstrap joint inference procedure. Biometrics 75 (4), 1145-1155.

Winkler, A.M., Ridgway, G.R., Webster, M.A., Smith, S.M., Nichols, T.E., 2014. Permuta-
tion inference for the general linear model. Neuroimage 92, 381-397.

Xu, Z., Shen, X., Pan, W., Initiative, A.D.N., et al., 2014. Longitudinal analysis is more pow-
erful than cross-sectional analysis in detecting genetic association with neuroimaging
phenotypes. PLoS ONE 9 (8), e102312.


http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0025
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0025
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0025
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0025
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0028
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0028
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0028
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0028
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00588-7/sbref0042

	Permutation-based inference for spatially localized signals in longitudinal MRI data
	1 Introduction
	2 Methods
	2.1 Notation and model setup
	2.2 Statistical inference
	2.2.1 Test for detecting spatially localized signals (SpLoc)
	2.2.2 Permutation
	2.2.3 Cluster selection

	2.3 Summary

	3 Data analysis
	3.1 Simulation studies
	3.2 Simulation results
	3.3 ADNI Data analysis
	Data description
	Results


	4 Discussion
	Declaration of Interest
	Credit authorship contribution statement
	Acknowledgements
	Appendix A Illustration of the cluster selection algorithm
	References


